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PROBLEMS OF CONTROL IN NON-EXPERIMENTAL..

EDUCATIONAL RESELRCH

4 Each yeartbroughoUt North America,_ of graduate students,
1

tn education are exposed to the mysteries of the deUgn,and aialysis

eduCqpionat.experiments. Using the now classic treatiaeof Campbell.

and Stanley (1963) they learn that many Of-the sources of invalidity.tha7
,

cloud the investigation, of relationships among educational liariables,.can

'4

-

'11.111MININEININIIINIMII

be controlled through the use of "True Experiments". They learn that in

the basic true experiment; subjects are randomly assigned to groups, the

groups,are treated differentially, and Qbservations are made to determine

the effects of the treatment. The magic potion tht controls tA

nuisance variables is random assignment.

In spite of the validity of the claims made .for the use of true

,experiments imeducational research, by, far, the bulk of educational

research isnot truly experimental. Campbell and Stanley's pre and quasi

experiments,, the ex post facto experiMents'of Chapin (1955), case studies,
I

%

field studies, and clinical methods are common (but not mutually exclusive)

examples df not truly experimental (NTE) research' methods:

,
There are many reasons why NTE research flourishes. Often people -

cannot be randomly assigned to groups for ethical reasons,as for example

in looking at differences in visual acuity between deaf and hearing

children. There maybe Administrative reasons that make random assignment

impossible as in a study of differences in teaching styles for teachers

in rural and urban schools.' Sometimes.random assignment is impossible

because the independent variable simply cannot be placed under the control

4
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:Of the researcher. (As for example in a study of the effects of an

.

economic recession on the quality of decisions made.tbir. school boards.)
.

,
.

110,* . ,

,
indeed it is often true that the random assftement of subjicts tO

. /
.

groups produces such an artificial situation that it possesses no
A

\ A re

ecological validi\ ty in the 'Iracht nd Glass (1969) sense.- Occasionally

NTE,research occurs es a result of po r planning Or ineptitude on the
. .,

, . .

'part of the researcher. Regardless of the reasons for its use,
.

one of
\ .

the inevitable prqblems of NTE research is the confolinding-ef

"nuisance",svariableswith other variables.

Nuisance variables are variables that interfere with the relation-

ships among the principal variables under study. In the simplest case

they inject alternate posqibilities for causal statements relating

independent and dependent variables.' Campbell and Stanley's sources Of

internal invalidity are examples of nuisance variables, in that they

provide alternate explanations for differences that observed. Other,

variables are identified as nuisance variables only within the contest

of a particular experiment. ,For example, Anderson (1971), in a study to

determine the effects of course content and teacher sex on classroom

climate, treated the variables bf class siie,.girl/boy ratio and clash

mean IQ, as nuisance variables. Wessuian (1972) treated IQ, age, and

race es nuisance variables in a study ofthe effectiveness of a

compensatory education program., Aiken (1972) described several studies

relating language factors to learning in mathematics. Among the

I
nuisance variables that occurred were initial mathematics.ability, IQ,

e

and computational ability.

That the-confounding of nusiance.variables in the relationship

between independent and dependent variables is regarded as an.important.
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.
problem in educational research is well documented by the advice provided
S : 7 4

by reviewers and integrators Of research in Various areay. St. -..ToWl
\ne

'

(1970) for example stated "If school quality and family background.are-
V

A 4 )..
-. positively related to the achievement of ininorlity pupils and to their

,..,

.

1
. ... * . . .

'schools' racial composition, it is crucial to control-them in any study °
.

of the influence of ethnic composition (and school performs e)." -

. . 2
Welch (1969) after looking at several evaluation ,designs for mathematics

$ . .

curriculum studies, and finding a piepondkrance of uncontrolled studiep,°

suggested that analysis of,cdiniriance_is obe of the many teehnique .that
, .

, .

curriculum evaluators can use to improve their investigations. Kerlinger
...

.
.

.

(1967)+ tod, noted that "The necessity of controlling extraneous'indepe ndeni

variables is particularly urgent in field experiments."'

There are three procedures that have been prescribed for problems
0, .

of confounded nuisance variables in NTE research: matching, partial
n\

correlation, and analysis of covariance. pesically they all attgmpt to

answer the same question; if the nuisance variables were controlled, what

1.---orrldr" be the relationship between the ihdependent and dependent variables?

Meehl (100), considered the situation and suggested that the

solutions may be generating more problems than they solve. In the present

paperan attempt is made to extend Meehl's discussion, and to shosiihe

implication's that it has for educational research. Some of the problems

to be discussed have been covered'in part of Elashoif (1969). and by Evans

and Anastasio (1968). Problems associated with unreliab lity of

measurement and violations of assumptions have been!' out by Lord (1963)

and Glass et al (1972), and will not be reiterated here.



A

,

Mishits Analysis

4.

,Meehl notes that the practice of controlling nuisance:variapfes,

in ex poet facto experiment ha4uch serious de'fedis, that it is

probably worthless for most scientifically interesting purpOses. He

,lists three reasons.

1. aaamatic undatching. Suppose a study were conducted 16
8 .

.

. s8 .

which the incomes of high idhool,graduates and dropouts are ,compared.
. .

If tA,graduates have higher income ft noula be argued this' results

from d4 eigncei in IQ; graduates having higher.

general. If graduates and-drpouti are matched
N . . , .

1IQ; and a difference still exists in ,,income., it might be said that, the
,

1

difference is not attributable to IQ. MOiever, if we look carefully at
1

. .

a dropout' matched with a.graduatd at IQ 125, we would have, to admit. that

IQ's,than dropouts in

pairwise on the bgsis of

these are likely very different peOple. The dropout likely' has a lower

achievement need than the graduateat this level. Considering the match

at IQ 90, we would purely admit that the graduate with an IQ Of.that

level hao a very high achievement need. Meehi suggests that what we have

done byizatching on IQ is to make the grasps unmatched on achievement

need.

2. Unrepresentative,subpopulations. When matched-groups are

formed using a nuisance variable which is highly correlated with one of

the variables of interest, what we do in effect is to identify samples
,

from subpopulations that differ from the entire population of interest.

For example, in studying the differences between teaching styles of

teachers in upper class, middle.class, and lower cyies schools, it might

.

be thought necessary to control for average IQ'o'f students, size of
P

clasp, kinds of facilities available, 'etc. The result would be that

7
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schools are used which are so unrepresentative of their respective
,

i .

.

social classea,.that they really amount to middle class schools in upper
. . ___.

.

s

and lower classjseighbourhoodik. 'Does the sthdy, of such tchools have
.

'
.

much to say about the relationship between teaching kyle, and kind' r
of school in general? ,Sure19,*generalizations shouldbe confined to the

unrepresentative subiepulations specified by the matching operation.
,

3. hTiceiTALlr.rtturehigultm. 'When correction operations such
, .

as matching and partial correlatidi are carried out, Imp4icit assumptions

\

about the causal direction between the nuisance variables 'and the dependeTiti
a

variable are commonly made. Very often in the social sciences elle

assumption is unwarranted. For example, in investigating the relationship
-

between ethnic briCkgroulid andtin$elligence, we might decide to control

for social class, under the assumption that 800AI-class and ethnic origin

are related; and that social class in some sense determin4s intelligences

0 -

However, ifthe causal arrow connecting social class and intelligence._,.

actually goes the other
4
way, ire., intelligence determines social class

-

to some extent, then by controlling for social class, we are reducing a

valid relationship between athnic origin and intelligence.

Although all of the,defects are serious; the one of most immediate

concern-,to the present paper is the first.

The Problem of Systematic tunatchin :

Redefining the Independent Variable

Of the three diffileulties that Meehl associates with the use of

.

control in NTE research, the most telling, and complex is the problem

with systematic unmatching. IA his example, Meehl desc i es a situation

in which matching is used however the consequences are no di ferent
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when either partial-cAelationd or analysis of covariance is used. In

-fact Bay and Hakstian (1972) hive ehown that in.the case of two treatments,'

the significance.test for the analyt!e of covariahci is aliebrLically
,

.. . .

equivalent tw the significance test for the partial- point biseria

:0 cerrelation,'i.e. the; correlation between the treatment (expreased as

1,0)_and the dependent variable with the, control variable partialled out. ,

With thiS in mind, it is easiest to look'at the problem from the simple

'vantage point of the_partiarcorrelation.

Te understand what happens when Iv paiiial the effects of a
, .

. .. .

variable out of the relationship between two other variables, we must

realize that the partial correlation is merely the correlation between

two residuals. Suppose that X
1
and X

2
are two variables of interest,

7
#

.c. .
-.

.* .

X
3

is a nuisance variable. Using simple regression techniques, we Could

tl
. -

. .

predict from X
2

from X 'as follows:
1 3

4

1
*.

X1 g! b13 X3 + a

X
2
r b

23
X
3

If R1 r X1 -
l'

and R2 6.X
2

- X2, then the correlition between 111 and

R2 is known as the partial correlation, and is symbolizes r12.3 .and

is equal to:

r12 r13 r23
V 2 2

(1-r
13
)(1-r

13
)

(1)

and we are e;iminating'X3 in this algebraic sense.
1

A second kind of correlation, that is of interest here, is the

part correlation. If we had a variable X4, and correlated it with Ri,

then the result would be a part correlation. (It is the Correlation

1

I



- between variable 4 and that part of variable

with variable 3.) The expression for a part

r14
r13 r34

x(1..3)4

1-r'
13

7.

1.whic.;11 is Uncork.elated

corrIlation is shown below.

(2)

. It is Meehl's argument that when You calculate a partial

. 4
. correlation betygen two varieties pf interest, you tend to ilike r(1.3)4

-_.
$ .

, ----__

greater than r14,-i.e.., you increase the relationship between the
:- 6

--,, -

independent variable, and aomeoutside variable. This can be illustrated-

by supplying some fieticious but plausible trebles to the r lationships

among the varrdbles used by '-Mehl.

A
11. Amount of Schooling

2. Incomkt.

13. Intelligence

1 2 \ 3
1.00 .70 \.60

Loo .40

'1.00

In the study, we would have noticed that amoui of schooling and income

.

.1
have a fairly high correlation of °.71, but if ve partial Ouidthe effects

..,0
.

of intelligence, the partial correlation r
(12.3)

is .628. This indicates.
_

. , .

that even with intelligence pertialed oue, there is still a.substantial
q 14

correlation between amount of bchOolini and income.
,

Now suppc4e that we construct some. plausible values for

achievement need that reflect the effect of Meehl's example.

AChiaadent Need

Amount of Schooling Income Intelligence.
. ,

.40 .40 00' .

.

Notice that the correlation between the amount nf schooling and

achisvement.net& fs a modest .40. If we ioolc at thelpart correlailon

between-achievement need and amount of schooling with intelligence

10

16
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.

partialed out, we find that the correlation, is .50: 'Meehl argues that

when you control for je effects of_ a nuisance Variable, you.cAn increase

.
-

it.. ,

the. influence of some other variable. In this -example, the correiatidn
..... ,

. "

involving achievement geed
.

changed from ;.4 to .5. Disregard ing the
. .

insignific ant (iii a scientific sense) size of this change, we would -

,

.
,

'

.
, . -

argue that whaehappene when partial correlations are
.

Celculated,

,

is .that'

.
- .

the variables of interest are traneforifd into new variables, i.e.i4the
,.,,, \ ; ( .0% .

X's are changed into X :- $4 and %Alereaeeheold variabliX.might have been
.

-

.1 .. :
... .

relatively,unreletedto some outside variable the new variable R, can

have quite a substantial relatioastiip With the outside variaiwiL In
, ,

our example, the newly created'-variable,"AnOunt of choking with IQ held'

//
. k 4 -t4

'constant;' has a higher correlat*an with achievime need thalkdid the
1 '' ...:.

%
.

old variable "Amount-of Schooling".

-' - :

4'

If we consider t he formula for part correlations (equation 2),
V.

e/

we can see why this should be:* ,

\
- . .

-Variable 1 as one of the variables of interest.(perhapskthe.'
/

/

.-
indepenlent variable). Variable'2 is the_ ':oiber variable-of interest

.

' c

iariable 3 is the nuisancv variable or control variable-that.is-
\

1.

... .

_identified by-the investigator Ior,cohtrol.
. H :t- % r \

Variable 4 Is an outside variable that is not.considered in

the experiment.

..

,

Now
4
.r

13
it, .

likely to be a pretty healthy correlanlon, sinceit is

a nuisance variable of sufficient degree to have attractedattentIon.

brrL-17- . */
The,expression 1 r

13'
-will be less thin one, and the larger r

13

the smiller.1 ri3 will be. Thus the denominator of the expression
. , .

4 .

for the part correlation will have the'effect of

numerator. InMeehl's example, the value of r
34

"magnifying" the

was zero,- and the effect .

of partialing, out intelligence was to increase\the correlation bet Teen

\

. %

.
1

M491:1

I

,
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1

4

t.

..
4

a

.
. . .

the independent 'variable add the outside ;variable f
.

from .4 to .5. It
a

as'
44

might' be argued, that any outside variable that is correlated as much "--...
, . , . k

.4 with the independent. waria03.e, would itself be identified as a s
/.

.

.
nuisance °variable' and steps could be,taien to controi for it. On the

othier hand, if the correlation beiWeen-tha-betsidi varf.abl.e and,th: ,
-. \ . i ,

control variable. is near zero, and the correlation -between the independent
. , P.

i, 1 0 ' /
1

variable and the outside variable .is near zero, then'Of course there s
I ,

. 'I
,.

no problem, bemuse the numerator of the expressien is zero, and no
.

amount of magnification by, r 'can; "change that!.
---...

Ths 'more seriou s problem ailaes mien r is *Iraq near gel°,

r
34 is mainified by 4

, 4
r1S-.

a .
.4 17E77 7',

13\\\ ...
z

.. \ r . _
. . 4 .

When r121 is. near zero, it will' almost, surely be overlooked in the, theory
...

that binds variables 1, 2.and 3, Of course, ii/r34 is very largekthm
,, `,

variable 4.will be dragged
.to Lar attention

.on the coattails of
. _ ;I - ..'.

' . .- -...

variable 3. The -area in quest inn occurs ,when r lies in'the interval
.

1.4 , -4
,.- .

. ....

-.2 + .2fand ir
34

is fairly small, say less than ..4' in absolute value.
_

--
I ... t " . - / 1 ..

M , t i
Consider the following hrothetical example of-a curriculum ,'

`

.

.

evaluatiot situation in which there are two cOmpeting curricula. The
. . . .

.,correlations` are .

.

Curriculum (A and B)

Achievement .

Inteiligence

Amount of Teachet. Aisistance.

.
4

\ -

, \
1.00

.80 1.00
s

.50 '.60 1.00

:go ..20 -.40- 1.00
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_

. Ai edrrelationt with the treatment variable are point biserials. There

is an apparen difference betwee 61n e groups on ibtelligence, so au

y ariance is suggeste: This isthe,tade as ,Calculating

/ the partial point bieerial correlation between treatment 4.nd achieve

with intelligence partialed ,out. .After plugging ,the valies into the

!, formula; r
12.3

gd .72, ma,. etncluded that even witrIatelligeece.

: partialled out then is.a treatment effect. But if We lea at What.,

haPpe/a to he relationship with amount of teacher algistafiee, we find

that strange-. thines have happened .

I.
diet there is but negative

assistance given and intelligence. Less intelligent students need and let..,.
?

'Dior teacher. assistance than,Atre intelligent students. 'Lei us suppose

In moat claseroomtit is probably true,

correlation betweLMaattfint of

th t in'thie case, the teacher .n the treatment iCh had:higher

achievement tended to give more help than the other\,pcher. The part

do relation between treatment- with intelligence partialled out and

amount -of teacher-assistant* turns out to'be .46. By. partial1ing'out,
, I

(telligence, we have managed to increase the-relationship between

1

treatment and amount of .teacher assistance f m .24to-A6.

In a sus e what we have done is to redefine

to be "Treatment with Intelligence Partia \led Out"

4

the trettrnen)ivar ble

, and instead of

ilarifyinglthe-ielationship bl.tween treatment and achieVemente have

confused the issue because we have inc

of "Amount of T cher Assietence".

It might be iuggisted that.,,the

asedthe confounding influence

thetical exampleis-P-fixed"

..43 paint-the pictUre as" darkly as ptea ble, end, this is true`. Let'us try
is

y

. to doterFidethe conditiOns-under which---We,shoulti be a/armed. For

readout, stated-earger, the problem seems to occer whedr(1.3)4'becomes

.
'--,,., fl

greater than . in 'absolute value, and when git is lest ithen ..2 3.n
, .,

u

4



absolute value, and when'r
34

is less than .4 in absolute value.' The,

conditions insure ttat the outside variable will not ie-misidered an.
\

appropriate candidate r control', and it' will.not be Pulled

coattails of the coveriate. If w plot r(1.3)4 against

9n,the 2:..

r various

/- . , 7,,:s ,, t

values ofir b in to see where theAanger lieS.',.,,and ru, tan;

In Figure 1, the shaded araa it-te area of danger. Theyilefthand.,-,,..:___ -- 2.-,

. w

\ ......,

figure shows various plots for r -.61 0 Nthat TO e the independent ...-//.independent
. ,....

. . 14. ' *
wher

/ - .,

variable and the outside variable have no brielatian. Here we can see

that, problems could occur when the co elation betweeb the tOViriate.

and the independent variable bet

In educational research /the ekindi
.0

much. For curriculum e aluation, it

.8 or greater in'absoluti.value-.

of correlations don't happen, vvaly:

seems inconceivable that wewo9ld
N

select iwo-grauis for comparison if*ttply differed by so much on a

nuisance variable. '
\ ,t

,GURE.1 About Here

On the-right side various, lines,areplotied,for r14' .2.'

(Taking the x axis aslin axis' of symetry, the; mirror image would result .

1'

. ,.....,

for r
14

m -.2). In this instante, some plausible situations occur. If
4 . , . i

I r - 4 .

r
13

is as small as .4 in abiplute.veme, we can boost the correlations

between the outside variable and, the independent" variable from .2 to ,if,

making the groups ap.diffirent on the outside variable as they were on
- N

1 ,* /' ,' ' 2:.:-', '-''`

the covariate. Thii kind of situation is destined to grey the, head 'of '- --,;-.'

the most placid researcher.-

I

14 'I



'Sole Side Issues

12.

C)

In,passing'one might ask if the use ofamalysis of'covartance
.

improve powir in a true experimeet-hes-tSreffect of producing a

systematic difference in randOily equivalent groups. The answer is no

as can be seen in 4tso-group case.

Let X be the treatment liariaiAaecOred41, 0, and Y bathe dependent

variable for example, achievementt,a0 Z be the covariate,114,-and kbe

an outside variable like motivation. Over the lang.ru:NhelexPected
r

b-
ro

value of r
xz is zero because people-arerandoily assigned to groups, and

the euvariate is measured, before the treatment, Thus,

ly

rr
XY.Z

r
xY

1 - r
2

yz

,

(7)

and so the power is increase But what happens to the partial

r'correlation rxw.z? To:begirt, with, because of the random &ad:prima:0_,
people to groups, rxw-shohld be zedOin the long_rtin.---,Tbit being/the

case, the partial correlation turns out- to use

ZWZ

0 - 0 X rw2

1. 1 - r2-

it 0

Consequently, in.the true experimental case, there in no expected

'mismatch on the outside variable arising from'the'use of a control

variable.

It in also/Of interest to see if the problems that arise in NTE-

designs and the use of 'analysis of covariance also arises in the use of,

analysis of *Fiance in the NTE design.- For example, suppose there is al

two curriculum study,. in which groups are not randomly assigned to



13,

possible
; _,

treat ants. If 'we think-that intelligence has a possible effect, we

!might,try to control it by using it as a factor in a treatment by IQ

analysis of variance. We cn* do this, in two ways.. Iw-the first way,
r.

we might .4photomize,(or-use any number, of leVels) IQ by,cutting below
4

and above 110* If IQ is a reasonable cause foi the observud differiiice

ilkthe dependent variable,4at this ilither gross level),-then-we will

find that there are disproportionate numbers in the cells-ofAe..t4C':

way design. If we analyse_ the dsita/using least squares procedures for

the unequal n.ANOVA, then the problems described earlier will occur,

since the analysis is no different in principle than using' analysis of

'covariance with IQ levels and T. by treatment interaction aszcovariates.

:-AnA.--since-1Q and treatment are correlated, the correction could serve to

increase the correlation between the "adjusted" treatment. ariable and

some outside variable.

If on the other nand,, after we male out groups on IQ, we

randomly throw out subjects to make the cal sizes equal, then we make

the correlation between the independent variable and the nuisance

variables zeros So that r(1..5)4..,.
r14.

-The same situation holds.true

1 in any two-way design in which we have equal cell ,sizes, and subjects not

assigned at random. ,

Of course in most two factor NTE designs, the factors are chosen-

sr

:because of the possible relationship to the dependent Variable, and

not because of their relationship to each other.

Discussion

I

In the past, design experts have been able to supply pat remedies

to problems that are raised. Complexityof "analytical methods hap

16
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usually outstriped advances in design methodology, and so new procedures

tould.be prescribed to overcome the inadequacies ofthe old ones. In

thepredent circumstances, however, the problems are not so easily

solved, According to CrOubach and Heehl (1955) a construct detives its

meaning from the netwol of relationships that connect.it With other

constructs and with obseryables. When we partial out, or control the

effects of nuisance Variables we change the nomological network in which

the variables of interest are embedded. Or, put another way, the

relationships among residual variables are's t the same as the

relationships among the original va%iables. We cannot interpret the

residual. variables as if they hadthe same construct status as the

original variables.

Al

.tieehl notes, when we try to,investigate the relationship

between naturally occurring characteristics by controlling for some
1

c 4
nuisance variable; we are almost inevitably lead to the assertion of,a

counterfactual conditionaf statement as: If dropouts and graduates had

the setae IQ, they would earn different salaries. Traditionally,

-\\\
researchers have acted as though the counterfactual gemis if dropouts

and graduateshad the same IQ) could be true in Isolation from a other

variables. We'have seen that this is not true. When we correct fo

IQ we change the outside relationships. Additionally, Meehl argues

that the implicit assumption doee not make common sense. A society in

which dropouts and grad tes have the same IQ may have such different

sociologic me enigma operating that the dynamics underlying income,

IQ and schooling would be radically different.
4

Perhaps the most' useful way to dealwith the prplem of

interpreting NT$ research is to live with the nuisance variables by

.17
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. .41t,,..,"
incorporating them into our model's ogl)iihavior. By doing this, we

construct models to fit 4e world,,,rather thap constructini worlds to fit
. ..

our models. In classrgbm research and evaluation, if naturally.:
..

occurring Characteristics confound- each other, it does not make sense.on.

either. scientific or pragmatic grounds to try to isolate- individual'
.

effects. The nature of the domain in Which we wOrk is complex and

interactive. Our models and procedures must reflect this.; Too often we_

have tried to overcome simplistic observation with complex 'analyses. It

makes more "sense to take more observations across time in an'attempt to

capture t e interweaving. of variablei-. At the present stage of ...

sophisticati n reliable description of 'changing relationships ;Will lead

us fkrther than touched-up cross-sectional snapshots.*
-.
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